IMPORTANCE Accurately estimating the probability of urinary tract infection (UTI) in febrile preverbal children is necessary to appropriately target testing and treatment.
A pproximately 7% of children younger than 2 years who present to an emergency department with fever have a urinary tract infection (UTI). 1, 2 However, testing for UTI in young children, whether by catheterization or via the 2-step process (testing bag specimens first and limiting catheterization to children with positive results), 3, 4 is challenging. Accordingly, clinicians obtain samples only when they judge the probability of UTI to be sufficiently high. Estimating the probability of UTI by using each child's unique set of presenting signs and symptoms can be challenging given the relatively large number of variables that modify the risk. 5 Although algorithms have been developed to assist clinicians in identifying children who may benefit from further diagnostic testing, [5] [6] [7] [8] [9] available evidence suggests that clinicians generally do not adhere to them.
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If screening tests (urine dipstick or urinalysis) are ordered, the clinician must reestimate the probability of UTI based on the results obtained and decide whether empirical antimicrobial treatment is warranted before urine culture results are available. Interpreting screening test results is often not straightforward (eg, for a child with trace amounts of leukocyte esterase).
To assist clinicians in identifying children likely to benefit from testing and empirical treatment with antimicrobial drugs, we designed UTICalc, a calculator that first estimates the probability of UTI based on clinical variables (pretest probability) and then, if laboratory testing is performed, updates the probability estimate based on the results (posttest probability). We present data on the development and validation of this tool.
Methods
We studied a consecutive population of febrile children younger than 2 years who were evaluated for UTI at the emergency department of Children's Hospital of Pittsburgh between January 1, 2007, and April 30, 2013, in whom a urine specimen was obtained by bladder catheterization. We retrospectively reviewed medical records of all children with cultureconfirmed UTI (n = 570) and of randomly selected children without UTI (n = 1312), conducting a nested case-control study with a case to control ratio of approximately 1:2 ( Figure) . We chose this design because the prevalence of UTI in young children is relatively low and because estimates of diagnostic accuracy obtained from nested case-control studies closely approximate the values in the general population. 13 The University of Pittsburgh Institutional Review Board approved this study and waived informed consent. Data analysis was performed between June 18, 2013, and January 12, 2018. In this database, hereinafter referred to as the training database, we developed 5 multivariable logistic regression models (details of variable selection are available in the eAppendix in the Supplement) to estimate the risk of UTI. The clinical model included 5 dichotomous clinical risk factors (aged <12 months, temperature ≥39°C, nonblack race, female or uncircumcised male, and no other fever source). The remaining 4 models included laboratory tests and are referred to as laboratory models. The "dipstick model" included variables from the clinical model plus leukocyte esterase and nitrite values. The "dipstick + Gram stain model" included variables from the clinical and dipstick models plus the results of a Gramstained urine smear. The "hemocytometer model" included variables from our clinical and dipstick models plus urine white blood cell (WBC) count (WBC/μL). The "enhanced urinalysis In febrile children younger than 2 years, what  combination of clinical and laboratory findings best predicts the  risk of urinary tract infection? Findings This nested case-control study of 2070 children aged 2 to 23 months with a documented temperature of 38°C or higher tested the accuracy of UTICalc, an algorithm that uses clinical and laboratory findings to estimate the probability of urinary tract infection. Compared with the American Academy of Pediatrics algorithm, UTICalc reduced testing by 8.1% and decreased the number of urinary tract infections that were missed.
Key Points Question

Meaning
The UTICalc calculator can be used to guide testing and treatment in children with suspected urinary tract infection. model" included variables from the clinical and hemocytometer models plus Gram stain results. We also developed a urinalysis model that included variables from the clinical and dipstick models plus bacteria per high-power field (HPF) (leukocytes per HPF did not add significantly to the model) in urinalysis results in 248 children; however, because the area under the curve (AUC) of this model was the same as the AUC of the dipstick model, this model was not incorporated into UTICalc. Because of the nested case-control study design, we corrected the constant term (β 0 ) in the final logistic regression models using the prevalence of UTI (6.1%) in our source population.
Figure. Flowchart Detailing Construction of the Training and Validation Databases
14 Pyuria (defined as WBC count of ≥5/HPF or ≥10/μL, or the presence of any leukocyte esterase) and growth of a uropathogen at a concentration of at least 50 000 colony-forming units per milliliter 15 were both required for the diagnosis of UTI. 7 For each model, we calculated the AUC and accuracy at various cutoffs to assign children into high-risk and low-risk categories. To determine cutoffs for each model, we reasoned that most clinicians would require a minimum sensitivity of 95%. Using this criterion, we arrived at a probability cutoff of 2% for the clinical model and 5% for the laboratory models. The 2% cutoff corresponds to the point at or above which children were determined to have a high pretest probability of UTI, thus requiring urine testing. The 5% cutoff corresponds to the point at or above which children were determined to have a relatively high posttest probability of UTI, thus requiring antimicrobial therapy. These cutoffs seemed consistent with our clinical judgment and with published studies. 5, 7, 12 We tested the accuracy of each model at the identified cutoff in an independent database. To create the database, we reviewed medical records of children aged 2 months to less than 2 years who presented to the emergency department at Children's Hospital of Pittsburgh between July 7, 2015, and December 30, 2016, with a documented temperature of 38°C or higher ( Figure) . A research assistant periodically (subject to research assistant availability) reviewed medical records of children evaluated in the past 72 hours.
We assessed outcomes of using the clinical model in UTICalc in a hypothetical cohort of 1000 children being evaluated for a UTI. As a comparison, we evaluated outcomes of using the algorithm proposed in the UTI guideline of the American Academy of Pediatrics. 7 Similarly, we compared outcomes of using the laboratory models in UTICalc with clinical practice. For the latter, we used the cutoff most commonly used in practice to dichotomize test results. Statistical analyses were performed using SAS, version 9.4 (SAS Institute Inc) and Stata, version 14 (StataCorp).
Results
Of the 1686 children aged 2 to 23 months in the training database, 1229 (72.9%) were aged 2 to 11 months, 1216 (72.1%) were female, and 1167 (69.2%) were white. The validation database comprised 384 children aged 2 to 23 months, of whom 231 (60.2%) were aged 2 to 11 months, 291 (75.8%) were female, and 200 (52.1%) were white. Abbreviation: UTI, urinary tract infection.
a Two-sided P < .05.
b The size of the sample of children with UTI used to develop the algorithm currently endorsed by the American Academy of Pediatrics 6 was 63.
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Calculator for Estimating the Probability of UTI in Febrile Preverbal Children ables in the training database). The calculator (UTICalc), which calculates the probability of UTI based on the models developed, can be found at https://uticalc.pitt.edu/. In general, models that included a Gram-stained smear (dipstick + Gram stain model and the enhanced urinalysis model) performed better than models that did not include this test. The difference in accuracy of the models in the validation and the training database was slight, suggesting that overfitting is not a concern. Table 3 summarizes the clinical implications of using UTICalc in a population of 1000 children younger than 2 years presenting with fever. Compared with the algorithm endorsed by the American Academy of Pediatrics, using the clinical model in UTICalc would have reduced the need for urine sampling by 8.1% (95% CI, 4.2%-12.0%), at the same time decreasing the number of cases of UTI that were missed from 3 cases to none. Compared with empirically treating all children who had a leukocyte esterase result of 1+ or higher, the dipstick component of UTICalc would have reduced the number of children whose treatment was delayed by 10.6% (95% CI, 0.9%-20.4%) without substantially higher rates of antimicrobial use.
Compared with the dipstick test alone, use of a Gramstained smear or a hemocytometer reduced the number of children with delayed treatment from 10 children to 5 with c Sensitivity and specificity were calculated using a cutoff of 2% or greater for the clinical model and 5% or greater for the laboratory models.
d For comparison, the sensitivity of the current algorithm endorsed by the AAP 6 was 96% and specificity was 25% at its low cutoff in the validation database. At its higher cutoff, the AAP algorithm had a sensitivity of 82% and specificity of 56%. the use of a dipstick test and Gram-stained smear or to 3 with the use of a hemocytometer. A similar trend was observed in the UTICalc models (Table 3) . The eFigure in the Supplement summarizes the pretest probability of UTI for children with all possible combinations of risk factors, enabling clinicians to better understand the contribution of these risk factors when estimating the probability of UTI; eTable 3 in the Supplement presents multilevel likelihood ratios of these combinations. Table 4 shows how the posttest probability of UTI varies according to the results of the leukocyte esterase and nitrite tests and according to the pretest probability of UTI.
Discussion
We have developed a UTI calculator that estimates the pretest and posttest probability of UTI at the bedside according to clinical and laboratory characteristics of the child being assessed. Our study is unique in that the database we used to develop the models included approximately 10 times as many children with UTI as previous similar studies. 6 Moreover, external validation of the models in an independent database seems to confirm their validity. Use of UTICalc could reduce unnecessary testing and delays in the treatment of children with UTI. UTICalc can be used by clinicians evaluating children aged 2 to less than 24 months with fever and a suspected UTI to decide whether urine sampling is warranted. After evaluating the child, the clinician inputs data on 5 variables: age, race, sex/ circumcision status, maximum temperature, and absence of another source for fever. The calculator outputs the probability of UTI for a child with those characteristics and assigns a risk category (low or high).
Use of the clinical model in UTICalc would detect 95% to 100% of UTIs in febrile children younger than 2 years. The algorithm proposed by the American Academy of Pediatrics would also detect most UTIs at its lower cutoff, but following that algorithm would lead to approximately 81 more children undergoing urine sampling per 1000 children evaluated. Although the 2% cutoff may seem low to some clinicians, 12 higher cutoffs would have resulted in substantially lower sensitivity. A cutoff of 2% does not mean that 50 urine samples must be collected to detect 1 UTI, which would be unreasonable. As seen in Table 3 , using a cutoff of 2% would subject approximately 10 children to urine sample collection for every UTI detected (ie, number needed to test, 9.8).
If testing is performed, the clinician enters the results into UTICalc. UTICalc is helpful because interpreting screening test results is often not straightforward. The clinician often must interpret the significance of borderline (eg, trace or 1+ leukocyte esterase test result with no nitrites) or continuous (eg, WBC count of 15/μL) results while considering the pretest probability of UTI in the individual child. UTICalc automatically selects the correct model and estimates the posttest probability of UTI based on clinical information and the type of test results entered. As in the first step, in addition to providing the probability of UTI, the calculator will assign a risk category. Our results suggest that clinicians could minimize the number of UTIs for which treatment is delayed by ordering a Gram-stained smear of the urine.
Although duration of fever and history of UTI were significantly associated with UTI on univariate analysis, the clinical significance of dropping these variables from the baseline clinical model was minor; the accuracy of models with and without these variables in the validation database was similar (eAppendix in the Supplement).
As seen in the eFigure in the Supplement, the risk of UTI in circumcised male children was less than 2% with 1 exception (nonblack infants younger than 12 months with a temperature of ≥39°C and no other source of fever); in female or uncircumcised male patients, the highest risk group was nonblack infants younger than 12 months with no other source of fever. These findings are consistent with previous reports. b Pretest probabilities were calculated from the clinical model for children with the following clinical characteristics: moderate probability indicates 12 months or older, not black, female or uncircumcised male, no other source of fever, and maximum temperature lower than 39°C (ie, pretest probability = 4.2%); considerable probability indicates younger than 12 months, not black, female or uncircumcised male, other source of fever, and maximum temperature of 39°C or higher (ie, pretest probability = 7.7%); and very high probability indicates younger than 12 months, not black, female or uncircumcised male, no other source of fever, and maximum temperature of 39°C or higher (ie, pretest probability = 25.0%).
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To simplify interpretation of dipstick results, investigators have proposed various methods of classifying the result as positive or negative (eg, ≥1+ leukocyte esterase as positive). As illustrated in Table 4 , the probability of UTI varies substantially in children according to leukocyte esterase level, suggesting that dichotomizing the results of this test may be simplistic. Furthermore, it appears that considering the pretest probability of UTI influences interpretation of the results of the dipstick test. This influence is also apparent in Table 3 ; compared with using dichotomized versions of the tests, use of UTICalc, which incorporates the full (nondichotomized) information provided by laboratory tests and information about the child's clinical findings, often substantially reduced the number of children in whom treatment of UTI was delayed, the number of children who received unnecessary prescriptions for antimicrobial agents, or both.
The high sensitivity of the clinical model ensures that very few children with UTI are left untested and minimizes unnecessary testing; the relatively high specificity of the models that include laboratory tests ensures that antimicrobial treatment is directed to the children most likely to have a UTI. Nevertheless, more accurate point-of-care tests are needed to improve the care of children with UTI. Currently available screening tests for UTI have relatively low sensitivities, and their high negative predictive values to a large extent reflect the low prevalence of UTI in young preverbal children. In a hypothetical population of 1000 febrile children screened for UTI by using the dipstick test, 3 of 70 children (4%) with UTI would receive delayed treatment and 70 of 101 children (69%) treated for UTI would have a true UTI (Table 3) . Accordingly, until more sensitive and specific tests are developed, it is prudent to obtain urine cultures from young febrile children being evaluated for UTI.
We envision that UTICalc, should it prove cost-effective, could eventually be incorporated as a decision-support tool in electronic health records and could, to a large extent, be prepopulated before the clinician assesses the child. Of the 5 variables in the clinical model, all except absence of other source of fever can easily be obtained by a triage nurse (in person or by phone). Because many children have upper respiratory tract symptoms, this variable will also often be known.
Limitations
Our study has several limitations. The database used to train the models was a retrospective sample of children tested for UTI. Accordingly, UTICalc is likely to perform best when applied to a population of children with a reasonable pretest probability of UTI; clinicians should refrain from using it when UTI is not suspected on clinical grounds. A second limitation relates to the practice pattern at the Children's Hospital of Pittsburgh; in lieu of a dipstick at bedside, clinicians often order a urinalysis. We assumed that the diagnostic accuracy of the leukocyte esterase and nitrite tests would be equivalent whether performed at the bedside and interpreted visually or performed as part of a urinalysis in the hospital laboratory and interrelated using a colorimeter. The sensitivity and specificity estimates we obtained for these tests were similar to previously reported values (eTable 1 in the Supplement).
18 Another limitation is that our training and validation samples were from a single institution. Finally, a true test of the utility of UTICalc would be a quasi-experimental or randomized study in primary care clinics and emergency departments.
Conclusions
Accurate diagnosis of UTI is important to reduce the delay in diagnosis and to avoid unnecessary treatment with antimicrobial drugs. [19] [20] [21] The approach advocated here tailors testing and treatment to the risk factors present in the child being assessed, thus offering the potential to improve outcomes for children with UTI.
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eAppendix. Additional Details Regarding Development of the Predictive Models
Training database construction We obtained electronic records of consecutive children evaluated at the Emergency Department of Children's Hospital of Pittsburgh between 2007 and 2013 who, at the time of presentation, were less than 2 years of age, were febrile and who had no known abnormalities of the urinary tract. We excluded specimens obtained using a urine collection bag (Figure 1 ). The database included demographic information, presenting temperature and results of the urinalysis and urine culture; however, it did not include information about the child's presenting signs and symptoms. We included children with fever defined as a temperature of at least 38° C or a diagnosis code indicating fever (e.g., fever, febrile seizure). We restricted eligible visits to those with a single urinalysis (UA) and a single urine culture, each obtained within 3 hours of the other. We excluded children with known abnormalities of the urinary tract (e.g., spina bifida, neurogenic bladder). When a child had more than one eligible visit during the study period, we randomly selected a single episode.
Data abstraction
We abstracted information on the following predictors: duration of fever in hours; maximum temperature (reported by parent or measured in the ED); other source for fever (yes/no; coded yes if any of the following diagnoses/symptoms were present: acute otitis media, upper respiratory tract infection [any cough or congestion], gastroenteritis, pneumonia, meningitis, bronchiolitis, viral syndrome), foul smelling urine (yes/no), vomiting (yes/no); diarrhea (yes/no); and abdominal tenderness on exam (yes/no). We considered symptoms as being present only if they were noted within 24 hours of the ED visit. Except for circumcision status, when a sign or symptom was not mentioned in the visit notes, we presumed it to be absent (for circumcision, we recorded this as "unknown").
Model building For each model, we started with a "baseline" model in which we included variables identified in previous studies as predictors of UTI. We then tested whether dropping or adding any variables were significant statistically (using the likelihood ratio test) and/or clinically (considering changes in the area under the receiver operating characteristic curve and, at various cutoffs, the false positive and false negative rates and net reclassification improvement). 1 The net reclassification index (NRI) represents a measure for evaluating incremental gain in prediction performance that results from adding a marker to a set of baseline predictors. Specifically, the NRI is the sum of 1) the proportion of subjects with UTI who are correctly moved into higher predicted risk categories with addition of the variable(s) of interest minus the proportion of children with UTI who are incorrectly moved into lower risk categories, and 2) the proportion of subjects without UTI who are correctly moved into lower predicted risk categories with addition of the variable(s) of interest minus the proportion of children without UTI who are incorrectly moved into higher risk categories.
The baseline "Clinical Model" included 8 previously identified risk factors of UTI: 2 age in months (continuous), race (not black vs. black), sex, circumcision status, fever duration (continuous, hours), maximum temperature in Celsius (continuous), other source of fever (no other source vs. other source including meningitis, pneumonia, AOM, gastroenteritis, URI without AOM, bronchiolitis, viral syndrome), and history of UTI (yes vs. no). Additional variables considered were abdominal tenderness on exam (yes vs. no), diarrhea (yes vs. no), vomiting (yes vs. no), and foul-smelling urine (yes vs. no). Because the probability of UTI was similar in females and uncircumcised males, we combined them into one group. Likewise, we combined "unequivocal source of fever" and "possible source of fever". We dropped "duration of fever" and "history of UTI" from the Clinical Model because dropping them decreased the predictive ability of the Clinical Model only marginally (AUC decreased by ~1% when both were dropped; NRI suggested little incremental value in retaining these variables). In contrast, dropping age, other source of fever, or sex/circumcision decreased the AUC of the model by 2 .0, 2.1 and 6.7 percent respectively. With duration and history removed from the model, dropping either race or maximum temperature decreased the AUC of the model by 1.6% and 1.9%, respectively. Dichotomizing temperature and age (using cutoffs previously established in the literature) did not change the accuracy of the model appreciably (AUC decreased by <1%). We did not add any of the 4 other candidate variables (abdominal tenderness, diarrhea, vomiting, and foul-smelling urine), because adding them did not improve the model significantly (AUC decreased by <1% and NRI suggested little incremental value in adding these tests). SAS version 9.4 and STATA 14 was used for all analyses.
The baseline "Dipstick Model" included the variables from our final "Clinical Model" plus leukocyte esterase (none, trace, 1+, 2+, 3+) and nitrite (present vs. absent). In contrast to a recent study, 3 the addition of specific gravity did not significantly improve the accuracy of the Dipstick Model. The baseline "Dipstick + Gram The accuracy values (sensitivity, specificity, and likelihood ratios) reported for the leukocyte esterase and urine microscopy tests (WBC/mm 3 ) are artificially elevated because, in the definition of UTI currently endorsed by the AAP, these tests were required to be positive in patients with UTI. In other words, the tests being evaluated were also part of the gold standard used to evaluate them. This type of bias, known as incorporation bias, tends to artificially inflate both the sensitivity and specificity of the tests being evaluated. 8 Likewise the accuracy values for models that include these tests (reported in Table 2 and eTable 2) are also artificially high. Assignment to risk categories by UTICalc, however, was seldom affected because changes in the predicted probabilities rarely crossed the cutoffs selected. 
